SMP Challenge" aims to discover novel prediction tasks for numerous data on social multimedia and seek excellent research teams. Making predictions via social multimedia data (e.g. photos, videos or news) is not only helps us to make better strategic decisions for the future, but also explores advanced predictive learning and analytic methods on various problems and scenarios, such as multimedia recommendation, advertising system, fashion analysis etc.
INTRODUCTION
People are interested in predicting the future. For example, which who will win the upcoming Grammy Awards or which film will be prevalent in next few weeks? Making predictions about the future brings real values to a variety of applications and scenarios [15] , such as multimedia recommendation [9, 17, 20] , advertising system [13, 30] , fashion analysis [5, 14] , topic mining [4, 22, 27] etc.
Therefore, the purpose of SMP Challenge is to discover novel challenge tasks based on numerous resources on social multimedia and seek excellent research teams who are capable of making the prediction. For prediction, the increasing ubiquity of social media (e.g. Facebook, Twitter, Flickr, YouTube, etc.) provides a crucial way for learning about the real-world. Meanwhile, social multimedia data increased interest for researches in study of exploring rich social facts and knowledge with multi-modal information (e.g. images, text, video, events, etc.), while social media is now globally ubiquitous and prevalent. So far the researches of social media prediction covered in several significant areas of multimedia and artificial intelligence, and closely integrated with computer vision, machine learning, natural language and human-centered interaction.
During this year, the task of SMP Challenge 2019 is Temporal Popularity Prediction [22, 25] , addressing the problem to predict the future popularity of giving posts before they were published in social media. This treats popularity prediction at a time-related prediction problem [10, 21] , and formulates popularity by online attention based on various user interactions (e.g. clicks, visits, reviews). To achieve this goal, the participated teams need to design new algorithms of understanding and learning techniques, and automatically predict with considering post content, future post time and its multiple multimedia information (as shown in Figure 1 ) in a time-related dynamic system [11, 19, 29] .
In the literature, several large-scale datasets from social media have been established for various research tasks and helped lead to great advancements in multimedia technology and applications, such as YFCC [8] , Yelp2016 [1] , Visual Genome [12] , etc. However, most of the existing datasets are limited in the diversity of coverage, i.e. the collected data are often biased to the particular task in question, and lacking cross-task generalization. Therefore, we introduced Social Media Prediction Dataset (SMPD), a large-scale benchmark dataset for sociological understanding and predictions with over 486k posts and 80K users in total. SMPD collects multifaceted information of a post, such as user profile, photo metadata, and visual content. Particularly, we aim to record the temporal order of social media data. For example, social media posts in the dataset are obtained with temporal information to preserve the continuity of post sequences. Our goal is to make the SMPD as varied and rich as possible to thoroughly represent the social media "world".
TEMPORAL POPULARITY PREDICTION 2.1 Problem Formulation
Temporal Popularity Prediction (TPP) is a novel problem for social media analyzing and learning [24] . With the temporal dynamics of the social multimedia system, the popularity of online posts usually changed over time. Influenced by the temporal characteristics [16, 19] with complex contexts or patterns, how to predict accurate temporal popularity become more challenging than before. The task of TPP is to estimate the future impacts of giving social media posts (photos, videos or news) at a specific time before they were shared on the online platform. Specifically, given a new post v of a user u, predict popularity s describes how many attentions would obtain if it was published at time t on social media. The formulations of popularity can be defined as a score by different dynamic indicators (e.g. views, likes or clicks, etc.) via diverse social multimedia platforms. In our challenge, we use "viewing count" as a basic indicator of how popular a post is, while this is more general. So temporal popularity can be defined as the following:
Popularity Normalization. To suppress the large variations among different photos (e.g. view count of different photos vary from zero to millions), we implement a log function [26] to normalize the value of popularity, based on the previous work, as shown in Figure 2 . In brief, the log-normalization function for popularity can be defined as:
where s is the normalized value, r is the view count of a photo, and d is the number of days since the photo was posted. Particularly, the post sequence with time information for each of user can be treated as time-series data. SMP Challenge 2019 aimed to make time-series feeds for popularity prediction. Then, we defined sequence data with time orders:
User-Post Sequence. Suppose we have n user-photo pairs and the sharing time of each pair. Then the user-post sequence can be denoted by
SOCIAL MEDIA PREDICTION DATASET OVERVIEW
Social Media Prediction Dataset (SMPD) 1 is a large-scale benchmark for social multimedia researches. We selected Flickr as the data source of SMPD for multimedia and multi-modal data, which is one of the largest photo-sharing websites with over 2 billion photos monthly [18] . Different with single-task datasets, SMPD is a multi-faced data collection, which contains rich contextual information and annotations for multiple-tasks (such as user profile, post category, customize tag, geography information, photo image, and photo metadata). The overview statistics of the dataset are shown in Table 1 . It contains over 486K posts from 69K online users. And each of social media post has corresponding visual content and textual content information (e.g. posted photos, photo categories, custom tags, temporal and geography information). SMPD Building. To create a multi-faced dataset for social media research, we attempt to utilize a concept-based sampling method to collect post data from the search engine of the Flickr platform. The concept-based approach aims to take a tag or concept as a searching 29 words keyword, collects the posts that involved with the keyword. On this basis, a second selection will be manipulated to ensure the accuracy of concept-related posts [6] . The advantage of this approach is offering an accurate data source for theme extraction and feature extraction. Unlike traditional social bookmarking, Flickr does not involve creating an explicit vocabulary of tags to describe the post. Therefore, the referencing queries of different categories are filtered from the most popular tags which user liked most in 2015, such as other tag prediction study [7] . We filtered the tags within incomplete or typo keywords, such as insta" or "instadog", etc. Then we leave 756 categories within 11 topics for our dataset creation, as shown in Figure 4 
Visual Content
As an old saying: "A picture is worth a thousand words", it is easier for users to reflect their thoughts or emotions by photo/image on social media [2] . In our dataset, we collect 486k posts by querying 756 selected key-words (as mentioned in the prior section) with social media APIs [23] . These key-words can be organized into 11 topics range from nature, people to animal (the directory tree in the left of Figure 3 ). Furthermore, each of key-words represents an individual concept for photo content, such as "bird", "flower", etc. In the right part of Figure 3 , an example category "Animal" with five different sub-concepts for content visualization is shown. The visual content (photo or image) of the posts with the same key-word are similar in visual view. By utilized these categorized photos, it helps prepare train/test data for computer vision works. Furthermore, we generate 668 individual 3 r d level human-craft categories for photos of selected posts. By the 3 levels hierarchical fine-grained classifying, SMPD provides fine-grained classes.
Spatio-temporal Content
3.2.1 Time. Popularity prediction of social media posts is a timesensitive task [3] . Temporal context of posts records user activities, and it is necessary to identify the uploading time. Meanwhile, Flickr provides an uploading time for each submitted post. Figure 5 plots the average post counts and its uploaded months in our dataset. The posts show the most of posts in SMPD were uploaded between March 2015 to the creation time of the dataset in 2016. Among the upload dates, October and December become the popular month for sharing posts on the Flickr social media platforms. We attribute those improvements to the holidays and the end of the year.
Location.
Location information provides user spatial distribution [28] . Not all posts have location information, but the location information of photos point out the spatial region of user activities. In SMPD, 32,068 posts have POI (Point of Interest) location information with a geographic coordinate, either manually by the user or automatically via GPS. Using this information, we were able to map 10% of all items in the dataset to a single country or area. Furthermore, SMPD provides geo accuracy value to represent the accuracy level of the location information, which ranges from 1 to 16 and represents from words level to street-level accuracy. To suppress the large variations among the number of posts in different territories, we implement a log function to normalize the number of posts in each country, based on the previous work. The distribution of all items over territories is shown in Figure 6 . 
Textual Content
In addition to visual content, we also collected the surrounding text of posts provides to show semantic information for each post. As statistics, there are more than 95% posts have relative descriptions or titles. When uploading a photo on the social media platform, the relative textual content is appended to provide more details about the photo content or publisher status.
Post Title. Each posted photo has a unique title named by the user. As the saying goes: "There are a thousand Hamlets in a thousand people ′ s eyes", each title contains the explanation and understanding of the photo. As shown in Table 1 , users utilize average 29 words to describe the content of uploaded photos, which not only helps to analyze the visual content of the posts but also relate to the popularity of the corresponding post. The larger the font size used, the corresponding tag is more frequently used.
Post Tags. Most of social network sites provide hash-tags to make user easier to find relevant post by topic with the same tag. It is possible to label a single post with multiple tags. With this kind of flexibility, this method is easier than the traditional one-to-one classification. By counting the tag frequently used, we can have a glimpse of which topics are more popular within these social network sites. In Figure 7 , we generated the "tag cloud" of post tags. The larger the font size used, the corresponding tag is more frequently used. Based on the figure, the users of Flickr prefer to share a holiday-related popular tag.
EVALUATION
To measure the performance of temporal popularity prediction on time-series data, we adopt the time-related partition strategy to generate train/test sets for evaluation. In proposed time-series data SMPD, we have a 10 length of the time window to build userpost sequences and divides the sequences to 2:1 for training and test dataset. Specifically, the train and test sets also share similar numbers of users.
By objective evaluation, we measure the performance of submitted methods on the unpublished SMPD test set. Our evaluation protocol is applied to the following criteria:
• Ranking Relevance: to measure the ordinal association between ranked predicted popularity scores and actual ones. • Prediction Error: to judge the error of the score prediction.
As quantitative metrics of performance evaluation, we will compute Spearman Ranking Correlation (SRC, or Spearman ′ s Rho), Mean Absolute Error (MAE) for each submitted model. SRC is a nonparametric measure of rank correlation, it applied to measure the ranking correlation between ground-truth popularity set P and predicted popularity setP, varying from 0 to 1. If there are k samples, the SRC can be expressed as:
whereP and σ P are mean and variance of the corresponding popularity set. Furthermore, we also use Mean Absolute Error (MAE) to validate the prediction error. The goal of MAE is to calculate the averaged prediction error:
The ranking for the competition is based on an objective evaluation. Specifically, a rank list of teams is produced by sorting their performance on each of objective evaluation metrics, respectively. The final rank of a team is calculated by combining its two ranked metrics for balance. The smaller the final ranking, the better the performance.
CONCLUSIONS
In this paper, we have presented an overview of SMP Challenge 2019 and proposed a large-scale social multimedia dataset for realworld prediction challenges. Meanwhile, we formulate the temporal popularity prediction task, analyzes the proposed dataset and define evaluation metrics. You can find more information about the task, dataset and challenge at SMP Challenge website 2 .
